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Abstract

High dynamic range novel view synthesis (HDR-NVS) re-
constructs scenes with dynamic details by fusing multi-
exposure low dynamic range (LDR) views, yet it strug-
gles to capture ambient illumination-dependent appear-
ance. Implicitly supervising HDR content by constrain-
ing tone-mapped results fails in correcting abnormal HDR
values, and results in limited gradients for Gaussians in
under/over-exposed regions. To this end, we introduce
PhysHDR-GS, a physically inspired HDR-NVS framework
that models scene appearance via intrinsic reflectance and
adjustable ambient illumination. PhysHDR-GS employs a
complementary image-exposure (IE) branch and Gaussian-
illumination (GI) branch to faithfully reproduce standard
camera observations and capture illumination-dependent
appearance changes, respectively. During training, the pro-
posed cross-branch HDR consistency loss provides explicit
supervision for HDR content, while an illumination-guided
gradient scaling strategy mitigates exposure-biased gradi-
ent starvation and reduces under-densified representations.
Experimental results across realistic and synthetic datasets
demonstrate our superiority in reconstructing HDR details
(e.g., a PSNR gain of 2.04 dB over HDR-GS), while main-
taining real-time rendering speed (up to 76 FPS).

1. Introduction

Novel view synthesis (NVS) [17, 25, 27, 31, 38] recon-
structs a 3D scene from sparse image sequences and ren-
ders high-quality novel views, demonstrating wide applica-
tions in scenarios such as autonomous driving [1, 26] and
AR/VR [9, 29]. However, due to the limited dynamic range
of standard sensors, captured sequences are unable to faith-
fully reflect varying illumination in real-world scenes, re-
sulting in limited details in highlights and shadows of the
reconstructed scene. High dynamic range novel view syn-
thesis (HDR-NVS) [3, 12-15, 23, 23, 28, 33, 37] addresses
this by leveraging multi-exposures fusion (MEF) to com-
bine complementary information from low dynamic range

Figure 1. Variation of camera exposure At and ambient illu-
mination AL, scales the HDR signal in different ways: At
causes a global change Ay pr, while AL, induces local changes
Alupr (e g., nameplate of the luckycat) via lighting-conditioned
radiance variation AL,. Their different response patterns reveal
complementary ways of modeling dynamic-range details.

(LDR) images captured with different exposures. Recent
advances from Neural Radiance Field (NeRF) [27] to 3D
Gaussian Splatting (3DGS) [17] largely accelerate HDR-
NVS task, enabling high-quality and real-time rendering.
Despite high dynamic details introduced by MEF, HDR-
NVS still faces several challenges for realistic reconstruc-
tion: (1) appearance entanglement: the appearance of ob-
jects is jointly determined by material properties and en-
vironmental conditions (e.g., direct/indirect illumination).
Simply scaling sensor shutter time (i.e., exposure t) cannot
disentangle these factors and reflect illumination-dependent
appearance changes. As shown in Fig. 1, a change in ex-
posure At mainly causes global intensity change Alypr,
while ambient illumination change AL, induces local,
lighting-conditioned change Alypr (eg., on the lucky-
cat nameplate) via radiance variation AL,; (2) implicit
HDR supervision: HDR ground truth (GT) is typically
unavailable. Supervision of reconstructed HDR view is
therefore implicitly conducted by constraining LDR views
tonemapped from HDR views. Since tone mapping com-
presses dynamic ranges, abnormal or saturated HDR values
cannot be reflected in tonemapped results and be effectively



constrained; (3) exposure-biased gradient starvation: tone

mapping curve typically yields small slopes at the extremes.

Therefore, Gaussians covering under/over-exposed regions

accumulate much smaller gradients than those at normal ex-

posures (see Sec. 4.3). As a result, they struggle to meet
densification thresholds, leading to under-densified repre-
sentations and suboptimal reconstruction performance.

To address these challenges, we propose PhysHDR-
GS, a physically inspired HDR-NVS framework that mod-
els the scene appearance as intrinsic reflectance and ad-
justable ambient illumination. Specifically, motivated by
the different response patterns in Fig. 1, our framework
contains two complementary branches: an image-exposure
(IE) branch that modulates exposure on captured images,
and a Gaussian-illumination (GI) branch that modulates the
ambient illumination of 3D Gaussians. This dual modu-
lation maintains fidelity to standard camera observations,
while explicitly capturing ambient illumination-dependent
appearance changes. During training, to provide explicit su-
pervision for HDR content without GT, we impose a cross-
branch HDR consistency loss between the pre-tonemapped
HDR outputs of IE and GI branch, and further leverage
a learnable tone mapper to fuse complementary details of
tonemapped results as the LDR outputs. Moreover, to mit-
igate the exposure-biased gradient starvation, we introduce
an illumination-guided gradient scaling strategy that ampli-
fies per-Gaussian gradients based on illumination deviation
(i.e., discrepancy of intrinsic and relit illumination), pre-
venting under/over-exposed Gaussians from being under-
densified. Our contributions are summarized as follows:

e We propose a physically inspired HDR-NVS frame-
work that combines an image-exposure (IE) branch
and a Gaussian-illumination (GI) branch to reconstruct
standard camera observations and explicitly capture
illumination-dependent appearance changes, respectively.

* An HDR consistency loss is imposed between IE and
GI branches to enable explicit HDR supervision without
ground truth. A cross-fusion-based tone mapper further
fuses LDR results to improve reconstruction quality.

* We propose an illumination-guided gradient scaling strat-
egy that amplifies Gaussian gradients based on illumina-
tion deviation, alleviating gradient starvation and reduc-
ing under-densified representations.

* Experimental results on two exposure settings across
three benchmarks demonstrate our superiority in recon-
structing HDR details, while maintaining real-time ren-
dering speed (up to 76 FPS). Ablation studies further
demonstrate the effectiveness of each component.

2. Related Work

2.1. High Dynamic Range Novel View Synthesis

Early NeRF-based HDR-NVS methods [12, 13, 15, 35] re-
construct an HDR radiance field from multi-exposure LDR

inputs, with some exploring RAW space [28] to better
preserve dynamic range. However, volumetric rendering
makes both training and inference time-consuming. Re-
cent 3DGS-based methods [14, 23, 23, 33] model scenes
with Gaussian primitives and adopt rasterization-based ren-
dering, achieving significant acceleration. HDR-GS [3] fits
HDR color with spherical harmonics and predicts exposure-
conditioned LDR views via an MLP-based tone mapper.
Wu et al. [37] include luminance dimension for irradiance-
to-color conversion and employ an asymmetric grid for tone
mapping. To stabilize 3D tone mapping, GaussHDR [24]
unifies 3D and 2D local tone mapping and fuses dual-branch
LDR outputs. Currently, HDR-NVS has also been extended
to multi-modal settings [5, 21], single-exposure [22, 41]
and inconsistent illumination scenarios [2, 6, 11]. How-
ever, most existing methods still follow a conventional HDR
imaging pipeline, where different lighting levels are simu-
lated by applying exposure and tone mapping to 2D images.
Without modeling illumination in 3D space, environment-
dependent attributes of the scene are largely underexplored.
Therefore, we explicitly model lighting-conditioned scene
appearance by jointly controlling camera exposure and am-
bient illumination, revealing complementary HDR details
in image space and 3D radiance.

2.2. High Dynamic Range Reconstruction

HDRCNN [8] makes an early exploration on reconstruct-
ing HDR from a single LDR image with a CNN. HDR-
Net [10] achieves real-time enhancement by learning a low-
resolution-based affine color transform and applying it to
the full-resolution image. For multi-exposure HDR imag-
ing, recent methods [4, 7, 20] typically decompose this
problem into alignment, fusion, and reconstruction. AFU-
Net [20] introduces a cross-iterative network that alter-
nates alignment and fusion to progressively reconcile mo-
tion and exposure discrepancies. Debevec et al. [7] es-
timate the camera response curve from bracketed expo-
sures under reciprocity and then fuse multiple photographs.
Le et al. [19] invert the camera response and synthe-
size multi-exposure images to hallucinate missing details.
SAFNet [18] selectively estimates cross-exposure motion
and valuable region masks with shared decoders and per-
forms explicit fusion. Generative approaches [30, 34, 36,
39] further leverage powerful priors to recover details in sat-
urated or underexposed regions. Despite impressive HDR
reconstruction demonstrated by these methods, they are
essentially 2D methods and are unable to understand 3D
scene, thus cannot synthesize novel HDR views.

3. Preliminaries

3.1. 3D Gaussian Splatting

3DGS [17] model a static 3D scene with a set of explicit
Gaussian primitives G3? as follows:
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Figure 2. Overview of the proposed PhysHDR-GS, where Gaussian color is modeled from intrinsic reflectance and ambient illumination.

The image—exposure (IE) branch modulates exposure ¢ on 2D images,

illumination L, on 3D Gaussians, yielding complementary dynamic-range details.

while the Gaussian—illumination (GI) branch modulates ambient
Tone mapper f performs tone mapping and dual-

branch fusion for final LDR results. During training, a cross-branch HDR consistency loss Lcons enables explicit HDR self-supervision.
Illumination-Guided Gradient Scaling rescales per-Gaussian gradients with s, to mitigate under-splitting in extreme exposure regions.

b= {(“i» 3, a, ci)}i\;la

where N is the number of Gaussians. u,, 3;, o, c; de-
note the center position, covariance, opacity and color of
i-th Gaussian primitive, respectively. 3; is defined with a
scaling matrix S; and rotation matrix R; as RiSiSiT RZ-T .
During rendering, given the projection matrix P, extrin-
sic matrix W and Jacobian of projective transformation
J, each 3D Gaussian primitive in world space is projected
as a 2D Gaussian G?P, with transformed covariance E =
JWEW " JT and camera coordinate ji = PW [, 1]

R*. Then the 2D pixel p is shaded as follows:

C(p) = Zf\il aicinD(p) HJ 1 (1 - O‘JG2D( )) . (2

During training, the i-th primitive is densified if average
screen-space gradient exceeds a threshold 7,:

*Z

where M; is the number of visible views, and £}, denote
per-view loss. pu"4¢ = % is the normalized device coordi-
nates (NDC) center.

(D

oLy,

ndc
z k

3)

Tp,

2

3.2. Physically-Based Rendering

Physically based rendering (PBR) models object color as
the interaction between illumination and surface material.

For a surface point x with normal n, outgoing radiance to-
ward direction w, is given by rendering equation [16]:

L, (X7 "Jo) =L (Xv""o) + [Q fr (X, Wi, wo) L; (Xv wz‘) (nw,-) dwy, (4)

where L. is emitted radiance, L; is incident radiance from
direction w;, f;, is the bidirectional reflectance distribu-
tion function (BRDF). () is the upper hemisphere around n.
With uniform hemispherical illumination (i.e., L;(x, w;) =
L,(x) for all w; € ) and direction-independent emission
(i.e., Lo(x,w,) = L.(x)), Eq. (4) simplifies to:

= L¢(X) + Lo (x) Hr (%, w,), Q)

where H,.(x,w,) Jo [r(x,wi,w,) (nw;) dw; is the
hemispherical-directional reflectance. A LDR pixel at lo-
cation p is captured by applying exposure ¢ and camera re-
sponse function (CRF) f to the accumulated radiance:

J(t Lo(x, w,)) =

where L.(x) and H,(x,w,) are scene-intrinsic and
exposure-invariant, while ¢ and L, (x) scales signal before
CRF f. We model L,(x,w,) with learnable parameters g,
LDR pixel p thus depends on ¢ and L, as follows:

ILDR(p;tvLa) = f(t’g(La(x)aHr(X7 wo)))a (7N

where constant L. is absorbed. Eq. (7) shows that exposure
t and ambient illumination L, play complementary roles in
shaping the dynamic range of the pre-CRF signal.

LO(Xa wo)

Ipr(p) = f(t Le(x) + t Lo (x) Hr(x,w,)), (6)



4. Method

Given a set of multi-exposure LDR views, we aim to re-
construct a 3D scene with HDR details. As shown in
Fig. 2, Gaussian color is factorized into intrinsic reflectance
H, and adjustable ambient illumination L,. To capture
complementary dynamic details from exposure and am-
bient illumination, we introduce an image-exposure (IE)
branch that follows the camera pipeline to modulate ex-
posure ¢ on 2D images, and a Gaussian—illumination (GI)
branch that modulates ambient illumination L, on 3D
Gaussians. We elaborate the method from three aspects:
physical radiance composition, self-consistent HDR fusion,
and illumination-guided gradient scaling.

4.1. Physical Radiance Composition

Image-exposure (IE) branch. As shown in Fig. 2, given
separately modeled reflectance H, and ambient illumina-
tion L, the Gaussian color ¢ is produced by an MLP-based
radiance composer g:

C:g(La7HT)~ (8)

Collecting geometry (u, X3), opacity ¢ and color c further
yields the HDR Gaussians set:

{(pis Ty, ) 1. 9)

Given a target view, the HDR Gaussian set G3/), , is pro-
jected to HDR image I pgr. To cover different luminance
bands and bring mid-tone regions into the camera’s respon-
sive range, the IE branch applies exposure £ on Iy pr (i.e.,
Igpr X t) to globally scale the pre-tone-mapping signal.
Gaussian-illumination (GI) branch. With the disentan-
glement of reflectance and illumination, the 3D scene can
be relit by modulating L, based a target lighting condition.
We introduce an illumination modulator ¢ to produce vir-
tual illumination ﬁ,,, as follows:

Lo = ¢(La, 1), (10)

GVHDR

where [ denotes the target lighting level. Replacing L, with
L, in Eq. (8) gives relit color ¢ and the relit Gaussians:

GHpr={(1y 2oy, &) Y, (11)

which is further projected to relight image I HDR With the
same viewpoint of Iypr. By adjusting virtual illumina-
tion L, the GI branch enables rescaling radiance intensity
locally to avoid saturation. Together, IE and GI branches
provide better coverage of a higher dynamic range.

4.2. Self-Consistent HDR Fusion

Tone-mapped LDR learning. As illustrated in Fig. 2, im-
posing global exposure ¢ and local virtual ambient illumina-
tion I:a yields HDR signals Iy pgr X t and fHDR. To aggre-
gate complementary dynamic range details and supervise
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Figure 3. Illustration of the tone mapper f. Given inputs [grpr Xt
and Iy pr, the tone-mapping MLP f;,, first predicts global and
local LDR outputs. The fusion MLP f,,;, then cross-fuses these
global-local pairs to produce the final LDR result /1, p .

with standard camera-captured LDR images, both HDR sig-
nals are further mapped into the LDR domain. As illus-
trated in Fig. 3, the proposed tone mapper f consists of two
lightweight MLPs f;,,, and f,;., which perform global-
local tone mapping and LDR fusion, respectively. Given
an HDR image, f;, conducts tone mapping and outputs
a pair of global-local LDR images. Applying fi,, to the
exposure-scaled Iyppr X t and relit I HDR thus yields in-
termediate LDR predictions {193, 155 . 195 o, 1196 1}
The fusion MLP f,,;, then conducts cross-fusion:

lo oc
ISR = frmie (50 16 R), (12)

lo oc
LDR - fmw(IgDR’IlLDR)' (13)

The final LDR prediction I} pp is obtained by aggregating
the fused outputs:

Iipr = IR + IZh k. (14)

To supervise the results with available LDR views, we de-
fine the reconstruction loss as follows:

Lrec =D 1er {’V Lase(I, 1g) + Lp-ssiv (L, Ig) |, (15)

where Z = {I.pr, Ii%R, IféR}, 14 is LDR ground
truth. Hyperparameter ~y controls the weight of MSE term.

Self-consistent HDR learning. Tone-mapping HDR im-
ages into LDR inevitably compresses dynamic range and
clips extreme values (e.g., saturated highlights and deep
shadows). As a result, abnormal HDR values may not be
effectively constrained by LDR supervision. To apply ex-
plicit supervision to HDR, we impose a cross-branch HDR
consistency loss between the IE and GI branch. As shown
in Fig. 2, for each view, we compute the consistent loss with
exposure-scaled Iy pp X t and relit image I HDR as follows,

Loons = | (Ipr x t) = G(Inpr) 1 (16)

where G indicates applying Gaussian blur to avoid penal-
izing misaligned details. In practice, we set lighting level
l=tsothat Iyppr x tand fHDR are comparable in bright-
ness. L.ons therefore matches the overall illumination and
low-frequency structure of the HDR predictions, providing
explicit supervision for the HDR content.
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Figure 4. Gradient and illumination deviation analysis, where
over/under-exposed pixels lie in flat regions of the tone mapping
curve and yield a small Gaussian gradient. The gradient shows
positive correlation with reciprocal illumination deviation 1/AL,.

4.3. llumination-Guided Gradient Scaling

Given multi-exposure views of the same scene, pixels
can be categorized into three types: over-exposed, under-
exposed and normally-exposed regions (e.g., point A, B, C
in Fig. 4(a)). The tone mapping curve (shown in Fig. 4(b))
typically compresses dynamic range, clipping highlights
and shadows. Consequently, compared with normally-
exposed regions (e.g., point C), over-exposed (e.g., point
B) and under-exposed regions (e.g., point A) lie in flat re-
gion of CRF (see Fig. 4(b)) and yiled much smaller slopes.
As shown in Fig. 4(c), Gaussian primitives that model these
regions receive very limited gradient. Due to the gradient-
based densification shown in Eq. (3), these Gaussians sel-
dom reach the threshold 7, resulting in insufficient splitting
and under-densified representations [32, 40, 43].

We observe that the illumination deviation of a Gaussian
primitive is inversely correlated to the received gradient. As
shown in Fig. 4(d), we visualize the reciprocal of illumina-
tion deviation 1/AL,, where AL, = |L, — ﬁa| measures
the illumination discrepancy. Compared with normally ex-
posed regions, over-exposed/under-exposed regions exhibit
much larger illumination deviation (i.e., smaller 1/AL,),
which is negatively related to their gradient magnitudes.
This suggests an illumination deviation-based strategy to
compensate for gradient deficiency. Based on this observa-
tion, we propose the illumination-guided gradient scaling,
which adaptively rescales per-Gaussian gradients. The gra-
dient scaling factor s, is defined as:

sa = 5-0(|Lo — La|) +1, (17)

where o(-) is the sigmoid function, s is a hyperparameter

controlling the maximum scaling strength. Therefore, the
densification criterion in Eq. (3) is revised below:

0Ly,

‘5,,ndc

“’Lk

> Ty, (18)

b= 2

where [; (s,) indicates retrieving the scaling factor for i-
th Gaussian primitive. By amplifying gradients accord-
ing to the illumination deviation, illumination-guided gra-
dient scaling effectively prevents Gaussians in over/under-
exposed regions from insufficient splitting, leading to supe-
rior reconstruction performance.

4.4. Loss Function

For each training view, the total loss combines the LDR re-
construction loss and the HDR consistency loss. For syn-
thetic datasets, we follow [3, 12, 24] to additionally impose
a uniform-exposure regularization:

Ltotal = >\1 Erec + )\2£cons + )\3['unit7 (19)

where A1, A2 and A3 are weight of each loss term .

5. Experiment

5.1. Experimental Settings

Datasets and settings.  Experiments are conducted
on three benchmarks: realistic HDR-NeRF-Real [12],
HDR-Plenoxels-Real [15] and synthesized HDR-NeRF-
Syn [12]. All datasets provide LDR views at five exposure
times {¢1,to,t3,t4,t5}, which are grouped into LDR-OE
({t1,t3,t5}) and LDR-NE ({2, t4}). HDR-NeRF-Syn ad-
ditionally provides HDR ground truth for evaluating HDR
content. Note that these HDR ground-truth images are
only used for evaluation and are not used for training by
any method. For HDR-NeRF-Real and HDR-NeRF-Syn
dataset, we train with 18 LDR-OE views and evalute with
remaining 17 views. For HDR-Plenoxels-Real dataset, we
train with 27 LDR-OE views and evaluate with remain-
ing 13 views. We follow GaussHDR [24] to train with
two exposure settings: randomly assigning exposure at
{t1,t3,t5} at every iteration, (denoted as exp3), and initial-
izing with random exposure from {t1,¢3,%5} and keeping
fixed throughout training (denoted as expl).

Baselines and model variants. We compared against both
NeRF-based (i.e., HDR-NeRF [ 12]) and 3DGS-based meth-
ods. For the 3DGS-based methods methods, we include
HDR-GS [3] and GaussHDR [24]).To assess the general-
ity, we follow GaussHDR to integrate proposed components
into both vanilla 3DGS backbone and Scaffold-GS [25].
Variants built on Scaffold-GS are marked with 7.

Metrics. We evaluate reconstruction quality using PSNR
and SSIM for pixel-wise fidelity, and LPIPS [42] for per-
ceptual quality. HDR views are first tone-mapped with p-
law and then conduct quantitative evaluation [12, 24].



Table 1. Quantitative results on realistic HDR-NeRF-Real [12] and HDR-Plenoxels-Real [15] datasets, where the best and second-best
results are highlighted in red and yellow , respectively. t indicates variants built on Scaffold-GS [25]. The proposed method achieves
the overall best performance, demonstrating its effectiveness in synthesizing high-quality novel views across different exposure levels.

HDR-NeRF-Real

‘ HDR-Plenoxels-Real

LDR-OE ( ty,t3,t5)

LDR-NE ( ts,t4) \

LDR-OE ( t,, 13,5 ) LDR-NE ( t5,%, )

|
Method ‘
|

PSNRT SSIMT LPIPS| PSNRT SSIMT LPIPS||PSNRt SSIMt LPIPS| PSNRt SSIMt LPIPS |
HDR-NeRF [12] | 3427 09532 0.063 32.15 09475 0074 - - - - - -
HDR-GS [3] 34.87 09697 0.021 31.02 09636 0.029 | 31.17 09509 0.040 28.60 0.9285  0.051
2 | GaussHDR [24] | 36.05 09739 0.015 3349 09707 0017 | 31.50 09530 0037 2892 09326 0.044
§ | GaussHDR{ [24] 3632 09770 0011  33.84 09738 0014 32.87 09590 0028 | 2978 09391 0.037
Ours | 3619 09779 0011  33.68 09738 0014 | 3219 09536 0033 2879 09299  0.046
Ourst 3691 09777 | 0009 3415 09737 0012 3306 09592 0025 2976 09389 = 0.034
HDR-NeRF [12] | 3426 09532 0.063 31.55 09483 0.074 - - - - - -
HDR-GS [3] 3296 09597 0.028  29.66 09535 0035 | 29.62 09373 0.051 27.32 09151 0.060
2. | GaussHDR [24] | 34.59 09678 0018 3298 09653 0.020 | 30.87 09458 0.041 2826 09230 0.050
§ | GaussHDR{ [24] | 34.63 [09710 0.014 3329 09684 0016 3224 09540 0031 2888 09315 0.041
Ours 3464 09707 0015 3264 09672 0018 | 31.20 09464 0.037 2759 09193  0.047
Ourst 3484 09705 | 0012 3340 09677 0014 3234 09540 0029 29.06 09313 | 0.038

Table 2. Quantitative results on the synthetic HDR-NeRF-Syn [12] dataset, where the best and second-best results are highlighted in red

and yellow , respectively. T indicates variants built on Scaffold-GS [25]. Our method consistently outperforms baselines on both LDR

and HDR scenarios, demonstrating its effectiveness in reconstructing HDR details and preserving information during tonemapping.

Method \ LDR-OE (t;,ts,t5) LDR-NE (t5,14) HDR
| PSNRT SSIM+ LPIPS| PSNR? SSIMt LPIPS| PSNRT SSIMT LPIPS |
HDR-NeRF[12] | 38.82  0.9657  0.032 38.07 09641  0.034 26.63  0.9523  0.046
HDR-GS [3] 4028 09781  0.018 27.07  0.8744  0.127 17.51  0.6982  0.205
2, | GaussHDR [24] | 4228 09853  0.007 41.65  0.9850  0.007 3778  0.9704  0.017
$ | GaussHDR{ [24] | 43.87  0.9899  0.004 4274 09894  0.004 39.08  0.9767  0.011
Ours 4311 09848  0.008 4248 09852  0.008 38.77 09710  0.016
Ourst 4426 09899  0.003 4319 09896  0.004 3921 09768  0.010
HDR-NeRF [12] | 38.68 09649  0.032 37.63 09621  0.035 26.61  0.9523  0.046
HDR-GS [3] 3822  0.9688  0.026 2542 0.8639  0.136 1643  0.6048  0.265
2, | GaussHDR [24] 4167  0.9839  0.007 4121  0.9840  0.008 37.44 09691  0.018
§ | GaussHDRT [24] | 4294 09883  0.004 4201 09879  0.005 3862 09752  0.011
Ours 4199  0.9835  0.006 4147  0.9842  0.007 3834  0.9701  0.013
Ourst 4280 09881 = 0.004 4213 09882  0.004 38.79  0.9756  0.010

Implementation details. We train each scene for 30k iter-
ations. During the first 10k iterations, we freeze the fusion
MLP f,,,;, and only train the tone-mapping MLP fi,,,. finiz
is then unfrozen for the remaining iterations. The weights
A1, A2 and A3 are set to 1, 0.5 and 0, respectively. For
synthetic scenes, we additionally enable the unit-exposure
regularization term by setting A3 set to 0.5. ~ is set to 0.2.
Scaling hyperparameter s is set to 1. All experiments are
conducted with a single A6000 GPU. More details are in-
cluded in the supplementary materials.

5.2. Quantitative Results

Quantitative results on the realistic HDR-NeRF-Real and
HDR-Plenoxels-Real datasets are included in Tab. 1. As
can be seen, the proposed Scaffold-GS variant (i.e., Ourst)
achieves the overall best performance under both exposure

settings, yielding a PSNR gain of 0.59 dB over GaussHDRf
on LDR-OE/exp3 of HDR-NeRF-Real. The 3DGS vari-
ant (i.e., Ours) also demonstrates competitive performance,
showing even better performance than Scaffold-GS-based
GaussHDR7 on LDR-OE/expl of HDR-NeRF-Real. Re-
sults on synthetic HDR-NeRF-Syn are reported in Tab. 2,
where Ourst shows consistent superiority over compared
methods (e.g., a PSNR gain of 0.45 dB on LDR-NE/exp3
over GaussHDRY), achieving the overall leading perfor-
mance. It’s worth noting that Ourst shows consistent supe-
riority over all compared methods on the perceptual LPIPS
across all benchmarks, while Ours also demonstrates com-
petitive perceptual performance and surpasses GaussHDR
on most metrics. This highlights the benefit of jointly
modeling image exposure and ambient illumination for
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Figure 5. Qualitative comparisons on LDR views. For each method, we show the reconstructed LDR image and the residual map w.r.t. the
ground truth. Competing methods exhibit noticeable missing content in saturated regions (e.g., screen reflections in the 1st row), indicating
information loss after tone mapping, whereas our method effectively preserves fine structures and details.
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Figure 6. Qualitative comparisons on HDR views, where we include residual maps between the results and GT to highlight the difference.
HDR-NeRF and HDR-GS struggle to reproduce correct illumination levels due to the absence of HDR supervision during training, leading
to inaccurate brightness and lost details. By imposing cross-branch HDR consistency, our method faithfully estimates scene lighting and

reconstructs fine structures (e.g., basket edges in the 1st row).

HDR-NVS, enabling both faithful LDR reconstruction and
perceptually pleasing dynamic-range detail, particularly in
challenging highlight regions (see Sec. 5.3). Detailed quan-
titative results of each scene are reported in the supplemen-
tary materials.

5.3. Qualitative Results

Qualitative comparisons on LDR views are included in
Fig. 5 and Fig. 6, respectively. For each method, we also
visualize the residual map with respect to the GT to intu-
itively demonstrate the difference. As can be seen, for LDR
scenes, the compared methods exhibit noticeable missing
contents for saturated regions (e.g., the reflection region in
Fig. 5), indicating unconstrained information loss after tone
mapping. In contrast, our method effectively preserves fine
structures. We attribute this to the cross-branch HDR con-
sistency loss that provides explicit supervision for regions
of high signal intensity. For HDR scenes, methods such
as HDR-NeRF and HDR-GS struggle to reproduce the cor-
rect illumination level, which results from the absence of
HDR GT during training. While our method accurately es-
timates the lighting conditions by explicitly modeling ex-
posure and ambient illumination, yielding effective recon-
struction of details (e.g., edge of basket in the 1st row) over

Table 3. Efficiency analysis measured on a single NVIDIA A6000
GPU. Rendering time and throughput are evaluated at an output
resolution of 400 x 400.

Rendering Throughput | Training Memory
Method (ms) (FPS) (min)  (MB)
HDR-NeRF 4189 0.24 500 11049
HDR-GS 9 117 10 5014
GaussHDR 19 53 28 5596
GaussHDR 26 38 21 6221
Ours 13 76 15 3274
Ours{ 19 53 18 3920

GaussHDR{. More qualitative comparisons are included in
the supplementary materials.

5.4. Efficiency Analysis

We conduct a comprehensive efficiency comparison in
Tab. 3, reporting rendering speed, throughput, training time
and GPU memory usage. Despite the additional radiance
composition step, our method remains efficient. Ours and
Ourst achieve real-time throughput of 76 FPS and 53 FPS
at a target resolution of 400 x 400, which is 322x and
220 x faster than HDR-NeRF, respectively. Compared with
efficient HDR-GS, our method provides promising perfor-



Table 4. Ablation studies on HDR-NeRF-Real and HDR-Plenoxels-Real dataset, with the best and second-best results highlighted in
red and yellow . IE branch indicates the baseline containing only the image-exposure branch. GI branch, HDR-cons and I-GS denote
Gaussian-illumination branch, self-consistent HDR learning and illumination-guided gradient scaling, respectively.

HDR-NeRF-Real

‘ HDR-Plenoxels-Real

LDR-OE ( 1, t3,15)

LDR-NE ( to, ;)

| LDR-OE (ty,t3,t5) LDR-NE ( t5, 1)

|
Method ‘
|

PSNRT SSIM+ LPIPS| PSNR1 SSIMT LPIPS||PSNRT SSIM+ LPIPS| PSNRT SSIMt LPIPS |

IE branch 36.18 09766 0.0105 33.38 0.9727 0.0142 | 3273 09576 0.0274 29.47 09368 0.0358
+ Gl branch | 36.27 09770 0.0096 3346 09728 0.0132 | 32.83 0.9570 0.0271 29.34  0.9350 0.0362
+ HDR-cons | 36.43 09774 0.0094 33.84 09732 0.0129 | 3297 0.9584 0.0262 2945 09364 0.0354
+1-GS 3691 0.9777 0.0093 3415 0.9737 0.0124 | 33.06 0.9592 0.0253 29.76 0.9389 0.0339
2 appearance (e.g., table surface reflection in the 1st row) and
g corrects texture distortion (e.g., desk shelf in the 2nd row).
e~
5 Self-consistent HDR learning. We verify the effective-

+ GI branch

e

':1

+ GI branch + HDR-cons +1-GS

HDR Results
I le
ﬂ
|

LDR Ref IE branch

Figure 7. Visualization of ablation studies, where residual maps
between LDR results and LDR GT are provided. Including GI
branch effectively captures lighting-dependent appearance (e.g.,
table reflections in 1st row) and reduces color distortions. Intro-
ducing HDR-cons and I-GS further refines structural details.

mance improvement (e.g., 3.98 dB PSNR gain on HDR-
NeRF-Syn/exp3) with tolerable reduction in speed. Com-
pared with well-performing GaussHDR, our models de-
liver faster rendering speed (e.g., Ours is 1.43 x faster than
GaussHDR) and lower GPU memory consumption, while
still offering overall better reconstruction performance.

5.5. Ablation Studies

We conduct the ablation studies starting from a base-
line that contains the IE branch only (denoted as IE
branch). Then we progressively equip this baseline with
the GI branch, cross-branch HDR consistency loss, and
illumination-guided gradient scaling to evaluate the contri-
bution of each component. All ablations are conducted un-
der the exposure setting of exp3 across HDR-NeRF-Real
and HDR-Plenoxels-Real datasets for generality.

Gaussian-illumination branch. As shown in Tab. 4, in-
troducing Gaussian-illumination branch (denoted as + GI
branch) yields consistent gains on HDR-NeRF-Real and
overall improvement on HDR-Plenoxels-Real. We attribute
this to the enhanced ability of the full framework to capture
both exposure-scaled and lighting-conditioned appearance
variations. As shown Fig. 7, including the GI branch ef-
fectively improves the modeling of the lighting-dependent

ness of self-consistent HDR learning by imposing the cross-
branch HDR consistency loss L.,,s between IE and GI
branches (denoted as + HDR-cons). As shown in Tab. 4,
imposing consistency loss leads to noticeable improve-
ment, with a maximum PSNR gain of 0.38 dB on HDR-
NeRF-Real. Qualitative results in Fig. 7 indicate that self-
consistent HDR learning helps to refine texture distortions.

Ilumination-guided gradient scaling. We further include
illumination-guided gradient scaling (denoted as + I-GS)
during training to verify its effectiveness. As can be seen
As can be seen from Fig. 7, scaling the per-Gaussian gra-
dient with the proposed I-GS strategy introduces signifi-
cant improvement, with a maximum PSNR gain of 0.48
dB and 0.31 dB on HDR-NeRF-Real and HDR-Plenoxels-
Real, yielding the best overall configuration. Visualization
in Fig. 7 shows that I-GS effectively alleviates texture dis-
tortions in shadow regions by protecting Gaussians from in-
sufficient splitting.

6. Conclusion

In this paper, we propose a physically inspired HDR-NVS
framework. To reflect the illumination-dependent appear-
ance, we decompose the Gaussian color into intrinsic re-
flectance and adjustable ambient illumination. An image-
exposure branch and a Gaussian-illumination branch jointly
model complementary dynamic range details. An HDR
consistency loss is imposed across these branches to enable
self-supervision for HDR contents. The proposed gradient
scaling strategy further amplifies the Gaussian gradients to
prevent under-densified representations. Extensive exper-
iments show that our method effectively reconstructs dy-
namic range details, while keeping the real-time rendering
speed. Ablation studies further verify the effectiveness of
each proposed component in our framework.
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